Introduction
The legacy of civil conflict over more than a decade is still plaguing Cambodia. With over a third of the population living under the poverty line, poverty remains one of the most serious problems in Cambodia. A number of governmental bodies, local and international NGOs, and international organizations operating in Cambodia have made eradicating poverty a priority and have established many social programs to this end. In designing such programs, efficient allocation of resources is essential for making poverty alleviation more cost-effective. Targeting is often helpful for this purpose because one can avoid wasting resources on the non-poor, which would occur in the absence of targeting. If targeting were costless and consumption poverty were at issue, it would be desirable to formulate a targeting policy such that the gap between current consumption and the poverty line is just fulfilled. In reality, such a social intervention is unlikely to be possible for at least two reasons. First, targeting is not costless as there are administrative, political and other costs. Van de Walle (1998) argues that hidden costs associated with targeting may undermine its benefits and they need evaluated. Second, there are two types of errors in targeting. One is the error of exclusion, in which intended beneficiaries cannot benefit from the intervention. The other is the error of inclusion, in which an intervention reaches individuals who were not intended to be beneficiaries (Hoddinott, 1999) . These errors are commonly known as Type I and Type II errors, respectively and, usually, these two types of errors cannot be eliminated altogether. Food security is one of the issues for which targeting may be useful. A person is foodsecure if the number of calories available for her to eat exceeds her requirements. If one village is significantly more food-insecure than other, it may be most efficient to deliver food directly to the village concerned. The targeted people are determined by project staff, and such interventions are called administratively targeted interventions. On the other hand, if there are relatively rich people and poor people in the village, food-forwork program may be more efficient. This enables exclusion of relatively rich people as the opportunity cost from work is relatively high for richer people. A targeting scheme like this is called self-targeting. The question policy-makers face is whether and what type of targeting policy may make anti-poverty programs more efficient. One of the obvious ways of targeting is to move resources according to the geographic information. Such targeting is called geogrpahic targeting. Ravallion and Wodon (1999) argue that anti-poverty programs targeted to poor areas can make sense in an economy even with few obvious impediments to mobility. Jalan and Ravallion (1998) find that households living in targeted poor areas had dynamic gains, or significantly higher rates of consumption growth than one would have expected. There are some other benefits of geographic targeting. Firstly, geographic targeting is relatively easy to monitor and administer, and local institutions and NGOs can greatly assist in implementing the programs. Secondly, since it is difficult and costly for a household to change its place of residence, geographic targeting has relatively little influence on a household's behavior (Bigman and Fofack, 2000a) . Thirdly, geographic targeting can be combined with other targeting mechanisms or other criteria. For example, a food-forwork program for local road construction is a combination of geographic targeting and self-targeting. Such a program may be best targeted to the poor areas with insufficient road access. As a powerful tool to identify the location of the poor and enable more efficient allocation of resources through geographic targeting, poverty mapping has increasingly drawn the attention of researchers and practitioners in the development community. Poverty maps may be combined with other maps to derive even more valuable information by overlaying maps using geographic information systems (GIS). For example, the targeting policy of basic medical care program may be better formulated by choosing poor areas where indicators show low health status. Irrigation systems may be most beneficial in poor areas that are drought-prone. Such targeting would be difficult or impossible without poverty maps. The first purpose of this paper is to present the result of the Cambodian poverty mapping project recently completed by the Ministry of Planning (MoP) of RGC and the World Food Programme (WFP). The commune-level estimates of poverty measures cre-ated through the poverty mapping exercise are expected to help various governmental, non-governmental and international organizations to identify target areas and to formulate efficient and effective programs and policies to reduce poverty. The maps are also expected to provide a basis for promoting coordination within and between donors and implementing organizations in addressing poverty. Besides the pracatical use of the poverty maps, this paper contributes to the emerging body of empirical literature on poverty mapping. We do not claim this study produced the first poverty map in Cambodia. However, poverty maps created prior to year 2000 used ad hoc weights to different commune-level indices, which do not have analytical foundation.
1 WFP (2001) takes a similar approach to this study, and combines the census and survey. The main difference is that this study emploies the small area estimation technique recently developed by Elbers et al. (2000 Elbers et al. ( , 2001a Elbers et al. ( , 2003 , which allows for explicit treatment of the standard errors. In fact, Cambodia is the first country in Asia to which this technique was applied. Explicit inclusion of standard errors has two benefits. Firstly, the standard error per se has valuable information for policy-makers as it helps to reduce the errors associated with targeting and thus increases the efficiency of targeting. Secondly, it is a good reminder for policy-makers about the nature of the numbers they deal with. All estimates are subject to errors because of the nature of the statistical analysis employed. 2 The overall pattern of poverty as of 1998 is reflected in the maps presented, but a specific commune may have a high standard error. The implications of such a situation depend upon the nature of the targeting at issue. When only a few communes in the whole country are chosen for targeting for a particular intervention, then policy-makers should certainly look at the confidence interval computed from the estimates of poverty rate and standard error. When a relatively large number of communes are targeted, then standard errors for each commune may not be a great concern. The second purpose of this paper is to illustrate its application. Though poverty maps per se are useful to formulate targeting policies, it is not clear whether a certain type of social-sector intervention program is suitable for certain areas. Using the school-feeding program as an example, we shall discuss how best other maps may be combined with the poverty maps to identify the target areas for social-sector intervention programs. This paper is organized as follows. Section 2 reviews the relevant literature. Section 3 explains the theory of poverty mapping. Section 4 describes the data used in this study. Some known problems with the data set are also discussed. It should be noted that the extensive use of geographic data characterizes this study. The implementation of poverty mapping are provided in Section 5, followed by the results in Section 6. Section 7 illustrates application of poverty mapping to school-feeding programs and Section 8 concludes. However, it is often the case that what policy-makers really need is information that is geographically disaggregated. They may want poverty estimates at the district or even commune-level. If policy-makers want to deliver food to poor people, knowing poverty rates at the provincial level may not be very useful as too many non-poor may benefit due to the error of inclusion. Baker and Grosh (1994) examined the efficiency gains from targeting in Mexico, and showed that only small improvements over uniform transfers of money can be made if the program is targeted at the state level, but the improvment is significant if targetd at the district or neighborhood level. Whether fine targeting is posssible depends on the information available to policy-makers. Poverty maps allow reducing informational constraints, which are one of the central issues concerning the formulation of targeting policies (Ravallion and Chao, 1989; Kanbur, 1987) . They help policy-makers to find pockets of poverty, or poor areas surrounded by non-poor areas, which cannot be identified from the socioeconomic surveys alone. Hence, poverty maps are useful for formulating geographic targeting policies to move assistance to the neediest people in a more efficient and transparent manner.
Review of Literature

Motivation of Poverty Mapping
Household Unit Small Area Estimation
Poverty maps can be created by a number of methodologies including the small area estimation, multivariate weighted basic needs index, combination of qualitative information and secondary data, and extrapolation of participatory approaches. Davis (2002) overviews these various poverty mapping methods and their applications, and discusses their merits and limitations. Small area estimation is a statistical technique that combines survey and census data to derive statistics for geographically small areas such as communes and districts. Earlier application of small area estimation was mainly on population estimates in post-censual years in the United States. As the demand for small area statistics increases, various statistical models have been developed and small area estimation has found a variety of applications. For example, it was applied to estimate for small areas per capita income, areas under corn and soybeans, adjustment for population undercount, and mean wages and salaries in a given industry for each census division in a province (Ghosh and Rao, 1994) . Application of small area estimation to poverty in developing countries is relatively recent. There are two variants called the household unit level method and the community level data method, depending on the level at which the census records are available. The basic idea for these methods is that the welfare measure at the household level or community level is regressed on a set of variables that are common between the census and the socioeconomic survey. Then the welfare measure is imputed in each record in the census. The advantage of running regression at the household level is that the standard errors associated with poverty estimates can be evaluated through regression, while it is often easier to access the community level census data and computational burden is substantially lower. Vietnam has a poverty map based on the community level data method (Minot, 2000) . Other examples include Bigman et al. (2000) for Burkina Faso, and Bigman and Fofack (2000b) for India. The household unit level method was first applied to Ecuador (Hentschel et al., 2000) . Its statistical properties were rigorously studied and various estimation strategies were discussed by Elbers et al. (2003) . The ELL approach has been applied to a number of countries. Alderman et al. (2002) study the case in South Africa and find that the income from the census data provides only a weak proxy for the average income or poverty rates at either the provincial level or at lower levels of aggregation. compared the experience of poverty mapping from Ecuador, Madagascar and South Africa. As discussed above, Cambodia witnessed the first application of the ELL technique in Asia. The ELL approach can be applied to estimate inequality. Elbers et al. (2002) decompose inequality estimates in Ecuador, Madagascar and Mozambique into progressively more disaggregated spatial units. The results in all three countries are suggestive that even at a very high level of spatial disaggregation, the contribution to overall inequality of within-community inequality remain very high. Elbers et al. (2001b) use a large sample data instead of the census.
Methodology of Poverty Mapping
Consumption as a measure of welfare
As with WFP (2001), this paper uses household consumption expenditure to measure the welfare of people. Consumption is not the only possible measure and can capture only certain aspects of poverty. For example, consumption measures cannot directly capture health and nutrition poverty or education poverty.
5 Subjective perceptions of poverty may not correspond perfectly with consumption. However, there are certain advantages to using consumption measures. For example, consumption is expressed in monetary terms and its meaning is easily understood. It should be noted this does not imply that consumption reflects poverty better than other indicators. Income is another monetary measure often used as a welfare measure. However, income is often subject to under-reporting and seasonal variation. When a large informal sector exists or a large fraction of production is for self-consumption, income is unlikely to reflect welfare very well. Consumption tends to be a less problematic indicator in those respects. Therefore, consumption may be thought of as a good proxy for measuring true welfare, although it is by no means the perfect measure. Policy-analysts should keep this in mind when using poverty maps. Consumption data is based on the CSES data sets, which were based on surveys taken at the household level. Consumption is defined as goods and services bought on the market, received in kind, or produced by the household. All of the consumption items in the CSES questionnaire, including food items and non-food items, are aggregated to arrive at the consumption aggregate for the household. When the per capita consumption is derived, the household consumption is simply divided by the number of individuals in the household. This exercise is questionable in that consumption items may be public goods within the household. There are also economies of scale within households. Moreover, children need less than adults to adequately sustain themselves. Treating adults and children with the same weight is of debatable validity. Although some researchers prefer to use adult-equivalence measures, the simple average is reported for two reasons. First, the weights used to derive adult-equivalence measures have been controversial. Second, adultequivalence measures were not used in previous poverty profiles. Therefore, to ensure comparability with the previously published figures, per capita household consumption measures have been used. As with other poverty profiles, the poverty incidence, poverty gap and poverty severity are reported. To derive these poverty measures, the poverty line must be defined. One is considered to be poor when one's level of consumption is below the poverty line. The poverty rate in this paper is synonymous with the incidence of poverty, or the head count index. It refers to the proportion of the population living below the poverty line. The poverty line, in terms of per capita per day consumption, used is described in Section 4. The poverty gap gives information on how far off people are from the poverty line. This measures the average amount of resources per capita required to bring all the poor to the level of the poverty line. Poverty severity takes into account the inequality among the poor. A higher weight is placed on those people who are further away from the poverty line.
Theory of Poverty Mapping
The concepts behind poverty mapping are straightforward. First, the survey data is used to estimate a consumption model. This model describes the relationship between consumption and right-hand-side variables. Right-hand-side variables are restricted to those variables that can also be found in the census or in a tertiary data set that can be linked to both the census and the survey. A geographical information system (GIS) data set is used as tertiary data. The census data is then fed into the model with the parameter estimates to derive the statistics of interest. It should be noted that we assume the models estimated from the survey data should be applicable to census records. The theoretical underpinnings of this methodology are given in detail in a series of papers by Elbers et al. (2000 Elbers et al. ( , 2001a Elbers et al. ( , 2003 . In what follows, we shall present a brief summary of the theory. Per capita household consumption, y h , for household h is related to a k-vector of observable characteristics, x h , through the following model.
where β is a k-vector of parameters and u h is a disturbance term. u h satisfies E[u h |x h ] = 0. As described in Section 5, the disturbance term is decomposed into the location, or cluster-specific, effect and the household-specific effect to allow for spatial autocorrelation and heteroscedasticity among households in application. The parameter β is estimated through regression using the household survey data. This regression will be referred to as the first-stage regression. 
This expectation is often analytically intractable, so computer simulation is used to arrive at the estimatorμ c presented in this paper.
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The difference betweenμ, 7 the estimator of the expected value of W in this paper, and the actual level of welfare W can be written as:
The first term on the right-hand-side of the equation is called the idiosyncratic error, which is due to the presence of a disturbance term in the consumption model. The second term, the model error, is due to variance in the first-stage estimates of the parameters of the consumption model. The last term, the computation error, is due to using an inexact method to computeμ. The variance inμ due to idiosyncratic error falls approximately proportionately with the size of the population of households in the commune. In other words, since the component of the prediction error grows as the target population becomes smaller, there is a practical limit to the degree of disaggregation possible. This is precisely the reason village-level estimates were not produced. The model error is determined by the properties ofζ c and hence it does not increase or fall systematically as the size of the target population changes. Its magnitude depends, in general, only on the standard errors of the first-stage coefficients and the sensitivity of the indicators to deviations in household consumption. For a given commune, its magnitude will also depend on the distance of the explanatory variables for households in that commune from the level of those variables in the sample data. The computation error depends upon the computational method used. Using simulation methods with sufficient computational resources and time, this error can be made arbitrarily small. When the distribution of is known or can be estimated, a Monte-Carlo simulation can be designed to capture both the idiosyncratic error and the model error. The simulated disturbance termû R c and the simulated consistent estimatorζ R c are drawn for the R-th simulation to generate the R-th welfare estimateŴ R . The estimatorμ is found by taking the mean ofŴ R over R and the associated standard error can also derived by taking the standard deviation ofŴ R .
6 Analytical results for some welfare measures are found in Elbers et al. (2000) 7 For the sake of notational simplicity, the subscript c will be dropped.
Datasets
The CSES Data Sets
To produce the poverty maps, four distinct data sets-two socioeconomic survey data sets, a census data set and a GIS data set-were used. The consumption model is built upon the two socioeconomic surveys, namely, the CSES 1997 and the CSES 1999. For reasons discussed later, the CSES 1999 was used only for auxiliary purposes. As already explained, the strengths of the surveys are that they have detailed information on consumption. From these data sets, a welfare index of the standard of living of each household can be derived. The CSES 1997 was conducted by the National Institute of Statistics of the Ministry of Planning (MoP) under the Capacity Development for Socio-Economic Surveys and Planning Project. The project was funded by UNDP and the Swedish International Development Agency, and executed by the World Bank. The CSES 1997 was the first multi-subject household survey conducted in Cambodia. The questionnaires for CSES 1997 included three substantive components: a village questionnaire, a core questionnaire for households, and a social sector household module. The village questionnaire collected information at the village level, whereas the other two questionnaires were targeted at household-level. The social sector household module focused on health and education. The sample design for the CSES 1997 treated villages as the primary sampling units and households as secondary sampling units. A sampling frame that was developed for the Socio-Economic Survey of Cambodia 1996 was updated with newly available information for use as the sampling frame for the 1997 survey. Due to security and other considerations, some parts of the country were excluded from the frame. In the CSES 1997, there were three sampling strata: Phnom Penh, Other Urban, and Rural. The total sample size of the CSES 1997 was 6010 households in 474 villages. In the Phnom Penh stratum, a sample was taken from 120 sample villages with 10 households from each village, while in the Other Urban stratum, 10 households from each of 100 villages were sampled. In the Rural stratum, 15 households were sampled in each of 254 villages. For each of the three sampling strata, a consumption model for small area estimation was constructed. The CSES 1999 is the second survey conducted under the Capacity Development for Socio-Economic Surveys and Planning Project. The interviews were carried out in two rounds between January and March 1999 and between June and August 1999. As with the CSES 1997, the CSES 1999 had three substantive components. However, instead of the social sector module, the CSES 1999 had an income and employment module. The core questionnaire of the CSES 1999 is similar to that of the CSES 1997. The CSES 1999 has ten sampling strata defined from the urban and rural sectors within each of five zones (Phnom Penh, Plain, Tonle Sap, Coastal and Plateau). The CSES 1999 was designed to capture seasonal variations in consumption and to reduce the number of field staff involved in data collection and supervision in order to provide them with more intensive training and to exercise more intensive control of field operations (NIS, 2000a) . Subsequent analysis, however, uncovered a large discrepancy in consumption aggregates between the two rounds. The inconsistencies in measured consumption between the two rounds of the survey indicate the potential presence of widespread and systematic measurement error (MoP, 2001) . As was discussed in WFP (2001), it was believed, given this concern, that there were four available options for the purposes of this research project: (1) use both rounds of the CSES 1999, (2) use the CSES 1999 round 1 data only, (3) use the CSES 1999 round 2 data only, or (4) use the CSES 1997. In the preliminary analysis presented in WFP (2001), the third alternative was chosen to maintain comparability with the Poverty Profile 1999, which was not yet published. However, after Poverty Profile 1999 (MoP, 2001) was published, the forth alternative became the most reasonable option because the poverty estimates from the CSES 1997 seemed more reliable than those from the CSES 1999. Due to security issues, some parts of Cambodia were not covered in the sampling frame of the CSES 1997. In terms of the number of households, 11.6 percent of the rural areas and 2.6 percent of the urban areas were not covered in CSES 1997. Although there remained some areas not covered in the sampling frame, the corresponding figures for the CSES 1999 were 3.8 percent for the rural areas and 0.3 percent for the urban areas. Those numbers are relatively small but not negligible. Hence, it was decided to take advantage of the better geographical coverage of the sampling frame for CSES 1999 to see if the consumption model holds for those households which are located outside the CSES 1997 sampling frame, but inside the CSES 1999 sampling frame. To do so, the following steps were taken. Firstly, the villages in the CSES 1999 that were excluded from the CSES 1997 sampling frame were identified using data from NIS (1997). Then the parameters of the consumption model were estimated using the CSES 1999 data. Secondly, each record in the CSES 1999 data set was assigned the corresponding stratum code of the CSES 1997. Ideally, two regressions with the same set of regressors should be run separately for the areas inside and outside the sampling frame of CSES 1997 so that the hypothesis that the estimated parameters for those two areas are the same can be tested. However, the sample sizes for the excluded areas were too small to allow one to generate meaningful results. Instead, an alternative approach was taken.
The regression was first run without excluded areas and the coefficient β 0 was estimated. Then another regression was run with excluded areas and the coefficient β 1 was estimated.
The hypothesis β 0 = β 1 was tested. The rejection of this hypothesis would suggest that, if the CSES 1997 had included the excluded areas, the consumption model would have been different. It should be noted that, in the procedure described above, the CSES 1999 data set does not affect the estimated parameters used in the simulation. This is because there is concern about the quality of the CSES 1999 data set. However, as was observed in MoP (2001), there were some common patterns between the two rounds. This seems to suggest that the overall pattern of consumption was not altered to the extent that the test described above is unlikely to be invalid. The tests were carried out with CSES 1999 Round 1, CSES 1999 Round 2 and both rounds pooled.
The Census Data Set
The Cambodian National Population Census was conducted over a period of ten days in March 1998. It was the first population census to be conducted in Cambodia since 1962 and was done on a de facto basis. The census covered all persons staying in Cambodia, including foreigners, at the reference time, which was the midnight of March 3, 1998. Foreign diplomatic corps and their families were, however, excluded. Special arrangements were made to enumerate homeless populations. Prior to the census, a complementary project to increase publicity and obtain the cooperation of the population was executed by UNESCO with UNFPA funding. There was also a preliminary house-listing operation before the census was conducted.
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The census questionnaire consisted of two forms, Form A (the house list) and Form B (the household questionnaire). The materials of walls, roof and floors for each house were observed by the enumerator and recorded in Form A together with other information. Form B had four parts. Part 1 collected information on usual household members present and absent on census night as well as visitors present on the census night. Part 2 gathered specific information on each usual household member and visitors present on the reference night, including full name, relationship to the head of household, sex, age, marital status, mother tongue, religion, birth place, migration, literacy, education and employment. Part 3 contains questions on fertility of females ages 15 and over. Part 4 contained housing characteristics, conditions and other facilities. The geographical frame for the census followed the defined structure of province, district, commune, and village in descending order of aggregation. There are 24 provinces in Cambodia, including the municipality of Phnom Penh, and the towns of Kep, Sihanoukville, and Krong Pailin. A few areas were not covered during the census due to military operations, which were (i) the entire districts of Anlong Veaeng in Otdar Mean Chey province, Samlot in Bat Dambang province and Veal Veaeng in Pousat province and (ii) Ou Bei Choan village of Ou Chro district in Banteay Mean Chey province. The population in these excluded areas is estimated to be about 45,000 (NIS, 2000b) . Table 1 summarizes the coverage of the census. 9 Since it is not possible to estimate poverty measures for the excluded areas, only the 1,594 communes included in the census are analyzed in this paper. Prior to the computer simulation, two treatments were applied to the census data set. Firstly, special settlements were excluded from the data set. Special settlements are groups of people who were found together on the census night. They are transitional and may not necessarily live in the commune. Hence, they were not included for the calculation of the poverty estimates. Secondly, there is a practical inconsistency between the definitions of household used in the census and survey data sets. Even though the census data set distinguishes between usual members of household and visitors in Form A, Form B Part 2 includes both as long as they were present on the reference night, and makes no distinction between them. This means that the data user has to take the usual members of the household as well as visitors present on the census night as the household. The survey, however, asks questions about the usual members of the household, including those absent at the time of survey. Moreover, there were households that did not appear to be regular households. For example, there were households with more than 100 people. Hence a practical decision was made to take care of this issue. Only those households for which the household size is less than 16 and the number of visitors is less than 10 were used for the analysis. The original data set contained 2,162,086 regular households, and it was reduced to 2,150,235 households as a result of those treatments. Admittedly, the decision may have been somewhat arbitrary. However, it seemed more reasonable to make such a distinction than to ignore the issue. More importantly, the exclusion does not affect the main findings of this study significantly because it was much less than 1 percent of the data set that was dropped.
The GIS Data Set
A set of geographically derived indicators were also used in this analysis. These indicators included distance calculations, land use and land cover information, climate indicators, vegetation, agricultural production, and flooding. A number of data sets from various sources were compiled into a GIS and the geographic indicators were generated for all villages and communes in Cambodia. Very coarse resolution data was summarized at the commune-level, while high resolution data was attributed to individual villages. Distances from villages to roads, other towns, health facilities, and major rivers were calculated. Indicators based on satellite data with varying temporal resolutions included land use within the commune (agricultural, urban, forested, etc.), a vegetation greenness indicator to proxy agricultural productivity, and the degree to which the area was lit by nighttime lights as a proxy of urbanization. Relatively stable indicators including soil quality, elevation, and various 30-year average climatological variables were also generated from other composite data sets. 
Implementation of the Poverty Mapping
Comparing Survey Data with Census Data
As already discussed, the basic idea of the small area estimation is to find the consumption for each household in the census so that it can be used to estimate the poverty rates. Although, in principle, any level of aggregation is possible, reliable estimates cannot be derived without aggregating up to a certain level. This is because the disturbance terms cancel each other out as the level of aggregation goes up and the estimate becomes less subject to random errors. The consumption aggregate is estimated for each household in the census using the location-effect variables and household-level variables. The former refers to the variables that are common among the households in the same village or commune. The census mean and GIS data are in this category. An example of a census mean variable is the literacy rate of the head of household in the village. An example of a GIS variable is the distance to a main road. Household-level variables refer to variables that are specific to a household. For example, the age of the household head and the material of the walls are in this category. Inclusion of the location-effect variable is straightforward as the same data set is merged into the survey and census. In other words, there is no need to be concerned about the comparability between the census and survey with regard to location-effect variables. The census and the survey were designed and implemented by different groups of people for different purposes. Therefore, it cannot be taken for granted that the data are directly comparable. Moreover, the census and the survey often use different questionnaire formats for the same questions, leading to possible data inconsistencies. We compared the questionnaires and checked if recoding is required to ensure comparability.
The Choice of Consumption Aggregate and Poverty line
The recent socioeconomic surveys conducted in Cambodia were in 1997 and 1999. Given that the census was taken in 1998 and hence both survey years are one year apart from the census year and given that the CSES 1999 had a better sampling frame, it seemed more desirable to use CSES 1999 as was done in WFP (2001). However, as discussed already, the CSES 1999 had serious data problems, which did not come to light until after the publication of MoP (2001). Hence, in this paper, the CSES 1997 data is used. Using the CSES 1997 to define the consumption aggregate was not as straightforward as it initially seemed. There were two possible alternatives. One alternative was to use the adjusted consumption aggregate derived by Knowles (1998) while the other alternative was the unadjusted consumption aggregate defined in MoP (2001) . When MoP (1998) was published, the data set contained errors which necessitated the use of the adjusted consumption aggregate. The mistakes were subsequently corrected and hence the adjustments made by Knowles are unnecessary for this paper. Therefore, this paper follows the definition of unadjusted consumption given in MoP (2001). To ensure comparability with the publicized benchmark national poverty rate of 36.1 percent, the poverty line was redefined so that the same poverty rates could be reproduced using the unadjusted consumption aggregate for each of the three strata. As a result, the poverty lines, in terms of per capita per day consumption, employed in this analysis are 1,629 Riels for Phnom Penh, 1,214 Riels for Other Urban and 1,036 Riels for Rural.
11 Table 2 compares poverty lines given in different published reports.
By construction, the poverty rate for each stratum in this paper is the same as given in MoP (1998). However, there is no guarantee that the poverty gap and the poverty severity are the same. Hence checking these indices provides an indication of how important the choice between the adjusted and unadjusted measures is. The poverty gap was estimated at 8.9 percent and the poverty severity at 3.2 percent in this paper. The corresponding figures in MoP (1998) were 8.7 percent and 3.1 percent respectively. Although these numbers are not exactly the same, the differences are small enough to be considered random errors. This seems to suggest that the analysis presented in this paper will be robust with respect to the choice of consumption aggregate. Table 3 compares the poverty measures from different years.
The Consumption Model
As was discussed above, the CSES 1997 has three strata and is intended to be representative at that level. A predetermined number of villages were randomly chosen in each stratum, and 10 to 15 households were sampled in each village. Hereafter, subscripts v and h are used to denote a village and a household respectively. For example, the expansion factor will be denoted as l vh . The first step in creating a poverty map is developing an accurate empirical model of household consumption. The following consumption model is estimated: Note : For sources, see Table 2 . The figures in parenthesis are the standard errors, which take into account the stratification, sampling weights and clustering. Standard errors were not reported in Prescott and Pradhan (1997) and MoP (1998) . All measures are percentages.
where y vh is the per capita consumption and is the disturbance term, which is the sum of the common component η v and the idiosyncratic component η vh . These two components, η v and vh , are assumed to be independent of each other and uncorrelated with observable household characteristics x vh . This specification allows for an intra-cluster (i.e. intravillage) correlation in the disturbances and heteroscedasticity in ch . Explicit treatment of the location effects is important as some of the effects of location may remain unexplained even with a rich set of regressors, including number of geographic variables. The household characteristics x vh in this model are not limited to variables that are specific to the household. They can also include the characteristics of the village in which the household is located. For example, x vh can include the village-level means of the census data and the GIS data, which capture a part of the location effects. The details of this regression are found in Appendix A.1. Cross-terms between a household-level variable (e.g. age of the household head) and a GIS variable were also included. For notational convenience, the variance of a random variable will be hereafter denoted as σ 2 · ≡ V ar [·] . When · has a subscript s, it is expressed using a comma as σ ,vh , the greater the fraction due to the common component, the less one enjoys the benefits of aggregating over more households within a country. To assess the performance of the consumption model, a number of diagnostic statistics are checked and they are reported in Appendix A.2.
12 Since unexplained location effects reduce the precision of poverty estimates, the first goal is to explain the variation in consumption due to location as far as possible with the choice and construction of x vh . Location means of household-level variables derived from the census data are particularly useful for this purpose. The next step is to estimate each component of the disturbance term. First, the residual termû was derived from the OLS regression. The common component η v was estimated non-parametrically at the average ofû in the cluster as follows: 
Detailed results for this residual regression are again found in Appendix A.1. Onceσ 2 ,vh is computed, the household residuals are standardized as follows:
where H is the number of households in the survey. Before proceeding to conduct the simulation, the estimated variance-covariance matrix,Σ , was weighted by l vh to obtain GLS estimates of the first-stage parameters,β GLS , and their variance V ar(β GLS ). 
Simulations
The full set of simulatedŷ R vh is used to compute the R-th estimate of poverty measures for each commune except for some outliers. For example, the R-th estimate of poverty incidence for commune c,Î R c , is computed as follows:
where V c denotes the set of villages in commune c, H v the set of households in village v, n vh the size of household h in village v, z the poverty line, n c the population of commune c, and Ind(·) is an indicator function. For this paper, the simulation was repeated 100
times. The mean and standard deviation of the estimates of poverty measures from each simulation were computed to arrive at the commune-level estimates of poverty measures and their associated standard errors. In a similar manner, poverty measures at more aggregated levels, such as district, province and stratum, can be estimated.
Results
Creating Poverty Maps
Once the commune-level estimates of poverty measures are computed, it is straightforward to create poverty maps. The polygon data for communes are combined with poverty estimates by the GIS. The map presented in Figure 1 is the refined version of the previous poverty mapping exercise (WFP, 2001) . A number of other maps are also presented in the appendices to this paper.
Are the Villages Excluded from the CSES 1997 Sampling Frame Different?
As noted before, the sampling coverage of the CSES 1997 is smaller than that of the CSES 1999. Hence, the CSES 1999 data was used to check if the consumption model applies to those areas, which were excluded from the CSES 1997 sampling frame but included in the CSES 1999 sampling frame. Table 4 provides a summary of the sampling frame of 1997. Unfortunately the number of samples from those excluded areas was too small to meaningfully compare the equality of the coefficients for the included and excluded areas. Hence, as discussed before, the hypothesis that the estimated regression coefficients with and without excluded areas are the same was tested. If the relationship between the right-hand-side variables and consumption is kept intact in each round, in principle, the same conclusion should be derived. However, the results obtained in this study are mixed. For the Other Urban stratum, the hypothesis was rejected at the significance level of 1 percent when Round 1 data or pooled data (i.e. Round 1 and Round 2) was used. However, the hypothesis could not be rejected even at the significance level of 10 percent when Round 2 data was used. For the Rural stratum, the pooled sample could not reject the hypothesis but the Round 1 and Round 2 data both sets rejected it when used separately. Although these results are inconclusive, there is a good reason for caution when using the estimates for the excluded areas. 
How Accurate are the Estimates?
The preliminary poverty map presented in WFP (2001) uses a different combination of data sets from that used in this paper, and does not record standard errors. It is, therefore, not possible to compare the commune-level estimates directly. It makes more sense to compare at the stratum level, because it is possible to use the poverty measures in poverty profiles as benchmarks for comparison. Table 5 compares the stratum-level poverty rates obtained in WFP (2001) and in this study for survey data estimates (CSES only) and for estimates obtained by combining the survey and census (CSES + census). The latter data are the stratum-level poverty estimates that are consistent with the poverty maps. For the sake of comparison, WFP (2001) Model 2 was used as it also has three consumption models for each stratum. It should be noted that WFP (2001) Model 1 was used to create the poverty maps in WFP (2001), and poverty rates were substantially underestimated for all three strata. There are two observations that can be made. Firstly, the patterns of poverty rates in this paper and in WFP (2001) are quite similar regardless of the data sets used. The poverty rate in Phnom Penh is around 10-12 percent, Other Urban is 25-30 percent and Rural is 40-50 percent. Secondly, when the differences between CSES Only and CSES + census for this paper and for WFP (2001) are compared, there are much smaller discrepancies for this paper. This suggests that the accuracy of estimates has improved substantially since WFP (2001) . The difference between CSES Only and CSES + census for this paper is small enough to be attributed to the random error.
The level of accuracy of the commune-level estimates varies from commune to commune. For example, the standard errors associated with commune-level estimates range between 0.1 percent and 22.6 percent. Table 6 provides summary statistics on the standard errors. The first column (Mean S.E.) is the simple average of the standard errors. Urban areas have lower standard errors. The median of standard errors is presented in the second column (Median S.E.). The third column (S.E. Ratio) is the average of the ratio of the standard error to the point estimate. The fourth (Avg # HH) and fifth columns (# Commune) provide the average number of households in the commune and the number of communes in the stratum respectively. The first three columns provide a general picture of the levels of accuracy. The standard errors are low enough for the results to be useful as proxies, but are high for a number of communes, so policy-analysts should take the estimates with caution. At the same time, it should be noted that none of the summary statistics above are perfect. For example, a relatively high level of standard error may not matter if the point estimates are high enough. A commune with the point estimate of the poverty rate of 95 percent and standard error of 15 percent is clearly a very poor commune. On the other hand, even if the ratio of the standard error to the point estimates is high, it does not matter when the absolute value of the standard error is low. If the point estimate and standard error were both 0.1 percent, then the commune is not a poor commune while the ratio is 100 percent. In practical terms, the size of the commune is also important. Provided that the cost of a program increases in proportion to the size of the commune, mis-targeting for small communes is a relatively minor issue in terms of efficient use of resources. The statistics above do not incorporate the size of the commune.
One way to address these issues is to define a poor commune and non-poor commune by the ratio of the difference between the poverty estimate and a reference level to the standard error. If a poor commune is defined as a commune whose point estimate is higher than the national poverty rate by at least two times the standard error, and if a non-poor commune has the opposite definition, then 48 percent of all communes can be classified as either poor or non-poor. When a commune cannot be classified, the communes can be aggregated to make the standard error smaller. It should be noted that the standard errors tend to be higher for communes with smaller populations.
Although the magnitudes of the standard errors are not small enough to be ignored, and can be quite high for some communes, the commune-level estimate is accurate enough to make a sharp comparison with the national poverty rate for half of the communes. Even for other communes, the estimates provide useful information for targeting, especially when multiple communes are taken together. It is likely, for example, that net gains from targeting poorer-than-national-average communes are positive. Although the usefulness of the estimates depends upon the purpose to which they are put, given that reliable poverty estimates have previously been produced only at the stratum level, communelevel estimates with this level of accuracy are still very useful. Even when the estimates need to be made at a more aggregated level such as district or even province to reduce standard errors, the usefulness of the estimates from this exercise will not be undermined as no other reliable estimates are available at this level. Table 7 shows that the estimates of poverty measures at provincial level are comparable with the stratum-level estimates obtained from the survey data alone.
Extensions
The focus so far has been on poverty measures for the entire population. It is possible to create maps with other measures that can be derived from consumption. For example, policy-makers may be interested in inequality measures. It is also possible to derive poverty maps for specific target groups if the census weight for these groups are known. For example, the poverty maps for women and children can be derived by using the number of females and children under the age of five instead of the total household size as the census weight respectively. In the next section, we discuss the application of the poverty map to the targeting of educational programs.
Applying Poverty Map to Educational Programs
Education of Children and Poverty in Cambodia
The poverty map is very useful not only for the identification of the location of the poor but for a variety of other purposes. In this section, we discuss an application of the poverty map to educational programs. We argue the poverty map is helpful, inter alia, for formulating targeting policies for educational programs such as school-feeding programs we discuss here. Note: The figures in brackets are standard errors. All the figures except for # of poor people are expressed as percentages. # of poor people is expressed in thousands. Poverty share is the ratio of the number of poor people in the province to the total number of poor people in the country. The provinces marked with an asterisk are completely excluded from the sampling frame of CSES 1997. See Subsection 6.2 for details.
Education of children is imperative in Cambodia. However, the current situation is not very encouraging. Education policies, as with other policies, have been subject to arbitrary political influences. Ayres (2000) says, "the provision of formal education in Cambodia has been embraced to build a nation-state that looks modern, yet is concerned almost exclusively with sustaining the key tenets of the traditional polity, where leadership is associated with power and where the nature of the state is perceived to be a function of that power. The result, in terms of education, has been an educational crisis: a significant disparity between the education system and the economic, political, and cultural environments it has been intended to serve." Educational statistics show the abysmal situation in Cambodia. As of 1999, the gross secondary school enrollment rate for boys was 29 percent while it was 15 percent for girls, though the gross primary school enrollment rate was over 100 percent for both boys and girls (ADB, 2002) . As Bray (1999) argues, Article 68 of Cambodia's constitution, which declares that "The state shall provide free primary and secondary education to all citizens in public schools", must be taken as a declaration of aspiration rather than reality. The result of badly planned and implemented education policies coupled with the lack of resources for education is high private cost of public schooling. Bray (1999) studied the private costs of public schooling in Cambodia. Many schools charge fees and other forms of cash payments such as pre-pupil payments demanded for construction, repairs and equipment. Teachers often charge their students with fees as their salary is too low. His study shows that household direct and opportunity costs of schooling are significant factors both in non-enrollment and in dropping out. His findings are consistent with the findings of Fujii and Ear (2002) . They found children have a better chance of attending the school if their parents are from a wealthier and more educated household. Their findings have an important intergenerational implication.
Children from poor and uneducated households, especially those households with a poor and uneducated spouse, are less likely to go to school, which in turn implies that they are more likely to reproduce poor and uneducated children.
To cut this nauseating vicious cycle, appropriate education programs is critical. They are most effectively implemented if the resources for such programs are targeted to those areas in which people are poor and the standard of education is low. To identify such areas, the poverty map is of great use. We can overlay the education map on the poverty map, and take the intersection between poor areas and low education areas. Though this procedure is essentially applicable to other educational program, we shall use school feeding as an example to make our argument concrete. In Subsection 7.2 briefly review school feeding programs, followed by the presentation of the overlay in Subsection 7.3.
School Feeding Programs
School feeding programs supply children with nutritious food in school when they attend the school. School feeding programs have been planned and implemented in many developing countries by various organizations, including WFP. The objective of school feeding programs is to provide their parents with incentives for schooling and enhance the nutritional status of the children. They are also expected to increase the effectiveness in learning, since more concentration on classes results from better nutritional status. When available resources are severely limited or strong equity concerns exist, it may make sense to treat children in a differentiated manner. For example, under the umbrella of the school feeding program, WFP has the "take home rations for girls" scheme in the Lao People's Republic. In this scheme, the girl's parents can receive monthly rations of rice and fish through their girls if they let their daughter go to school for a minimum of twenty days a month. Several researchers have studied the effectiveness of school feeding programs. Babu and Hallam (1989) evaluated the school feeding program of the government of Tamil Nabu, South India. They conclude that food from school feeding programs enables the households to increase expenditures on non-calorie food and non-food items, and that school attendance also increase. Jacoby (1997) studied a school feeding program in Jamaica, which distributes a bland snack to all students. He found that poorer households and those with a greater number of eligible children are found significantly more likely to self-select into the program. He also found that the deadweight loss of the program is considerable, though it is not clear whether the loss outweighs the targeting advantage of the program. Jacoby (2002) empirically confirmed from a school feeding program in the Philippines that the transfer of caloric intake through the program sticks to the child. Kain et al. (2002) have studied the Chilean School Feeding Programme. They argue that, because school feeding program provides a significant portion of the daily energy needs, it is an excellent incentive for parents to send their children to school and in turn decrease desertion. In Cambodia, increases in the scale of school feeding programs are expected. There are three major activities that are under the umbrella of school feeding, namely, cash incentive program, on site school feeding program and take home rations program. 
Overlaying Education Map on Poverty Map
To overlay the educational map on poverty map, we first need to create the education map.
To create the education map, the data set of the Education Information Management System (EMIS) 2001, has been used. The data was collected annually by MoEYS, Department of Planning at school level with support from UNICEF. MoEYS distributes questionnaires to Directors of Provincial Offices of Education, Youth and Sports (PDEYS), and at the provincial level PDEYS provides training on data collection to Chiefs of district education office. At district level, again, Chief of district education office arranges training on data collection to directors of all schools within their administrative boundaries. The basic education index was derived from six indicators using the EMIS database. The six indicators were the net enrollment rate (NER) at the primary level, primary level gender parity, net admission rate at grade 1, NER at lower secondary level, gender differences of NER at lower secondary school level , and number of children out of school (WFP (2002) for the details of the definition). The basic education index used in this paper was derived as follows. By giving the same weight and sum up, the summed values were then classified into five quintiles to address the districts as first, second, third, fourth and fifth priorities. We have then mapped out the basic education index and overlayed it on the poverty map. The results are shown in Figure 2 . Since we are looking for poor areas with low level of basic education, we can place priority to the red and heavily meshed areas. When actually implementing the program, the cost of delivery, the economies of scale and the capacity of the regional stuff, among other things may also need to be taken into consideration.
Conclusion
The poverty maps provide invaluable information to policy-makers. When there is no reliable information for identifying the poor, targeting policies, if they exist at all, are likely to be inefficient and subject to arbitrary political influences. To deliver assistance to those most in need, policy should be formulated based upon reliable information. The poverty maps presented in this paper give such information at the commune-level. Moreover, the power of poverty maps is multiplied when they are combined with other maps such as the education map using GIS. As we have discussed in Section 7, by overlaying the education map on the poverty map, a policy-maker can identify areas in which children cannot go to school because of poverty. We have argued that school feeding programs, for instance, are most likely to be successful if targeted toward such areas, and the method we presented in this chapter is of great use for finding such areas. The commune-level estimates of poverty rates presented in this paper are reliable enough to be useful. This paper successfully applied the ELL technique to Camobdia and contributed to the empirical evidence of the applicability of the technique. However, it should also be noted that there are errors associated with the estimates and they may be very large for a number of communes. Moreover, the picture depicted here reflects the conditions as of 1998. It should be recalled that analysis of poverty is never static and thus efforts to acquire up-to-date information and monitor changes in poverty will be indispensable for enabling the efficient, effective and timely delivery of assistance. Hence, policy-makers should not be misled by the intuitive appeal of poverty maps. The maps presented here can serve as a sound basis to formulate targeting policy, but cannot and should not be taken as the sole basis. Whenever possible, other maps and data sources as well as observations from the field should be incorporated in the analysis. This is particularly true for the areas outside the sampling frame of CSES 1997.
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A.2 First Stage Diagnostics
In this section, we provide additional regression results that are used to evaluate the performance of regression models. Items A1 and A2 are the number of observations and the number of clusters respectively. The number of right-hand-side variables in the OLS and GLS regressions by type of variable is given in B1 to B4. These numbers are kept low relative to A1 and A2 to avoid over-fitting. Items C1 to C3 give a general idea about the fit of the model. The Other Urban stratum has the best fit of all three strata. Once a model with a reasonably good fit is obtained, the importance of the location effect is checked. D1 is the overall error and D2 is the error due to the location effect. The magnitude of the location effect is checked by D3. E1 and E2 tell if any location effects not explained by the model are significant. Except for the Other Urban stratum, such effects are significant. F1 to F4 give summary statistics on the residual regressions. 
